Background: Structural flexibility is an important characteristic of proteins because it is often associated with their function. The movement of a polypeptide segment in a protein can be broken down into two types of motions: internal and external ones. The former is deformation of the segment itself, but the latter involves only rotational and translational motions as a rigid body. Normal Model Analysis (NMA) can derive these two motions, but its application remains limited because it necessitates the gathering of complete structural information. Results: In this work, we present a novel method for predicting two kinds of protein motions in ordered structures. The prediction uses only information from the amino acid sequence. We prepared a dataset of the internal and external motions of segments in many proteins by application of NMA. Subsequently, we analyzed the relation between thermal motion assessed from X-ray crystallographic B-factor and internal/external motions calculated by NMA. Results show that attributes of amino acids related to the internal motion have different features from those related to the B-factors, although those related to the external motion are correlated strongly with the B-factors. Next, we developed a method to predict internal and external motions from amino acid sequences based on the Random Forest algorithm. The proposed method uses information associated with adjacent amino acid residues and secondary structures predicted from the amino acid sequence. The proposed method exhibited moderate correlation between predicted internal and external motions with those calculated by NMA. It has the highest prediction accuracy compared to a naïve model and three published predictors.
Background
A protein molecule is not a rigid body. The scale of protein motions is very broad: motions range from local fluctuations such as those seen in loop regions to global ones involving changes in the relative position of rigid domains. Flexible regions and linkers connecting rigid regions are often observed in large proteins. Flexible regions are often necessary for proteins to perform their specific biological functions [1] [2] [3] [4] , e.g. by enabling proteins to adjust their conformations in response to external stimulation. Such stimuli can include the binding of a ligand or a change of the surrounding environment. Structural flexibility is therefore an important characteristic that must be examined to understand proteins.
When we specifically examine motions of a protein backbone segment in ordered structures, the movement is theoretically classified into two forms: internal and external motion [5] . The former is a deformation of the segment itself, but the latter involves only translational and rotational motions of the segment. In the external motion, the segment fluctuates as a rigid body by changing dihedral angles of the flanking residues. For this reason, it is considered that the internal and external motions fundamentally differ (Additional file 1: Figure  S1 ). It is expected that the distinction between these motions will provide new insights into the relation between structural flexibility and its function [6] .
Actually, NMR provides a powerful experimental technique to analyze protein dynamics at the atomic and molecular levels [7] . Particularly, NOEs and relaxation experiments provide information related to picosecondmicrosecond motions of the backbone atoms [8] [9] [10] . Model-free analysis enables quantitative determination of fluctuation and slow conformational change (i.e. millisecond order) of the backbone amide vector [11, 12] . The latter motion is assumed to be related to internal motion, as described above. Although NMR provides a detailed view of protein dynamics, it is time-consuming.
In contrast, computational methods are useful to calculate the dynamics of proteins for which structures are available. One method is to compare structures of a protein crystallized under different conditions or different conformers of NMR. Structural differences show a flexible region [13] [14] [15] . Another computational method is to simulate protein dynamics. Among several methods, Normal Mode Analysis (NMA) provides a straightforward means of calculating the dynamics from its structure. Although NMA is less CPU-intensive than other computer simulation methods such as Molecular Dynamics (MD), Monte-Carlo (MC) simulation, and Framework Rigidity Optimized Dynamics Algorithm (FRODA)/Floppy Inclusions and Rigid Substructure Topography (FIRST) software [16, 17] , it can detect concerted motions of clusters of atoms and support discussion of their motions for elucidation of their functions [18] [19] [20] [21] . Using NMA results, Nishikawa and Go examined internal and external motions of secondary structure [5] , and Ishida et al. studied a subtilisin-eglin c complex to explore internal and external motions of enzymes and inhibitors [6] .
With the increasing number of available protein structures and the development of high-performance computers, databases of protein dynamics have been constructed. In fact, iGNM [22] and ProMode [23] are databases of protein motion analyzed that respectively use a Gaussian Network Model (GNM) and NMA. Another database, MolMovDB [24] , presents numerous graphical representations including motions of loops, domains, and subunits. In addition, DynDom [25] provides domain, hinge axes, and hinge bending residues in proteins determined from two different conformations of the same protein.
Recently, web-based tools for predicting internal motion have been developed. For example, FlexOracle [26] and HingeProt [27] predict hinge regions in proteins. Furthermore, DFprot [28] predicts main-chain deformability, which corresponds fundamentally to the internal motions described above.
However, all these tools, along with NMA, offer only limited practical use because they require knowledge of the three-dimensional structure information of a protein. Recently, a few prediction techniques that address protein motions using only amino acid sequence information have been proposed. Of those, ASP [29] and the Protein Continuum Secondary Structure Predictor [30] identify conformational switches in proteins using secondary structure information. FlexPred also predicts ordered conformational change in the protein backbone using information of sequence neighbors, evolutionary conservation, and solvent accessibility [31, 32] . These definitions of protein motions are similar to those of internal motion, as described above. The support vector machine-based predictor, Wiggle, predicts functionally flexible regions defined using a coarse-grained-protein dynamic modeling approach [33] .
In this paper, we present a novel method for predicting internal and external motion in ordered structures. The proposed method is based on the Random Forest (RF) algorithm using information associated with the adjacent paired amino acid residues and a predicted secondary structure. The method presents the advantage of enabling prediction of protein motions using amino acid sequence information alone as the input. The proposed method exhibits moderate correlation between predicted internal and external motions with those calculated by NMA: the respective correlation coefficients are 0.525 and 0.597. To investigate the possibility that the proposed method detects flexible regions related with protein function, we applied it to 20 proteins that undergo large conformational change upon protein-protein interaction. The results revealed, in 85% of the proteins studied, overlaps between the predicted high internal motion region and observed conformational change region.
Results and Discussion
Herein, we describe our demonstration of the relation between B-factor derived from X-ray crystallographic studies and internal/external motion. We then present the proposed algorithm and the experimental evaluation. Finally, we applied the proposed method to a set of 20 proteins that change their conformations when interacting with other molecules.
Thermal motion and internal/external motion
The B-factor determined in X-ray crystallographic studies is often used as an indicator of thermal motion. However, B-factors include both thermal motions and static deformation attributable to crystal packing and other causes. We first analyze the relation between thermal motions assessed according to the X-ray crystallographic B-factor and internal/external motions determined computationally using NMA. To this end, we calculated the correlation between the amino acid frequencies with Z-scores higher than one (i.e., residues with large motions; Figure 1 ). We observed that, although the overall correlation coefficients between motions as assessed using the B-factor and internal and external motions were 0.769 and 0.945, respectively, the frequencies of several amino acids differed considerably between the B-factor and both internal and external motions. Comparison of internal motion and B-factors using a t-test (p < 0.01 ) shows that the frequencies of charged amino acids E, D, K, and R are low in internal motion, whereas those of bulky or hydrophobic amino acids V, I, F, Y, and L are high ( Figure 1B) . Therefore, the thermal motion, as assessed using the B-factor, and internal motion have some definite discrepancies. A similar trend was apparent for the external motion and B-factor, but the difference is smaller ( Figure 1C ). From comparison of the actual NMA values, the external motion is shown to resemble the thermal motions.
Length distribution of regions with a high internal/ external motion score
We investigated the length distribution of consecutive amino acids with normalized internal and external motion scores calculated using NMA larger than one ( Figure 2 ). For both motions, the frequencies of highmobility regions decreased as the region length increased. Results showed 3 and 19 regions longer than 21 residues long, respectively, with high internal and external motions. We noted a peak in the distribution of external motion at around nine. This observation suggests that the external motion included the short segment, which fluctuates as a rigid body such as a short helix (Additional file 1: Figure S1 ). According to these observations, we created two kinds of predictive models for external motion, although only one prediction model was developed for internal motion. For external motion, one model (external_short) used short flexible regions (≤ 9 residue length) as the dataset; the other model (external_long) used longer flexible regions. The final prediction result of external motion is obtained from their combination (details are presented in the Methods section).
Construction of prediction method
We developed a prediction method for predicting internal and external motion based on Random Forest (RF) [34] , which is a kind of supervised classification algorithm. The proposed method uses information about properties of the local sequence neighborhood and predicted secondary structure to predict the degrees of protein motion for a given sequence. Therefore, it is necessary to determine an optimal size of the local sequence neighborhood and suitable prediction methods that assign residues to the secondary structure (ss) and the accessible surface area (ASA). In this study, we tested two types of predictors. Amino-acid propensity based predictors constitute one type: PHD [35] and RVPnet [36] were chosen, respectively, for predicting ss and ASA. The others are profile-based predictors: psipred [37] and sable [38] . To assess the prediction Data points close to the diagonal represent residues appearing with nearly equal frequency in B-factor and actual NMA/internal/external motions, although they deviated considerably from the diagonal represent residues appearing with different frequencies. Amino acids whose frequencies differ significantly based on t-test (p < 0.01) are shown as filled symbols. The CCs stand for the correlation coefficients between frequencies in B-factor and actual NMA/internal/external motions. The frequencies were estimated using 460 chains excluding NMR data from the dataset described in the Dataset section. The B-factor and three motions were normalized using the same method as that described in the Dataset section.
accuracy of the proposed methods, three criteria were chosen: the mean absolute error (MAE), the correlation coefficient between prediction scores and normalized NMA scores (CC), and the area under the ROC curve (AUC). Their respective details are discussed in the Methods section.
We first investigated the influence of the window size and two structural information predictors on prediction accuracy ( Figure 3 ). For internal motion, the largest gain in performance was observed when the window size was 11 residues. The optimized window sizes were the same even if structural information predictors differed. However, differences were observed between the prediction accuracies of the two methods. The prediction performance was higher when the profile-based predictors were used. In contrast, the best performance for predicting external motion was observed when the window size was 17 residues, which is larger than the window size of internal motion.
Prediction accuracy
We compared the prediction score with normalized NMA score to assess the predictive performance. In general, protein motion for each residue tends to be large in a coil or loop region and small in a secondary structure. Based on this concept, we created a naïve model, which predicts the score that reflects the degrees of protein motions. In the naïve models, first, the secondary structure was predicted using PHD or psipred. Then, the magnitude of protein motion for each residue was calculated as follows. If the i-th residue is located in the secondary structure (ss), then 
where avg. and SD respectively signify the average and standard deviation of the normalized NMA score in the whole dataset. Actually, 6.80e-6 and 7.49e-3 were used, respectively for avg. of internal and external motion; 1.00 and 1.01 were used for SD, respectively. The other region has no secondary structures.
We also performed comparison with three published methods that predict a region with protein motion, although their definitions of protein motion differed. First, we chose the B-factor predictor because the amino acid frequencies of the external motion and the B-factor are similar ( Figure 1 ). In this case, we selected PROFbval, which predicts normalized backbone B-values [39] . Second, we selected disordered region, which are defined as a region lacking a stable three-dimensional structure. Although it differs from internal/external motion in terms of lacking ordered structures, they are considered to possess high flexibility. Consequently, the comparison of the proposed method with disordered region predictors is worth investigating. For predicting disordered regions, we used POODLE-S [40] in this study. Third, we specifically examined a region that is involved in a conformational switch. These regions can switch from one folded conformation to another, which is similar to the definition of internal motion in this study. To predict them, we chose FlexPred [32] , which predicts residue positions that might be involved in conformational switches in ordered structures. Three predictors use only amino acid sequence information for prediction.
The prediction results for three proteins are presented in Figure 4 . For aminoglycoside 6'-N-acetyltransferase ( Figure 4A ) and pheromone-binding protein ( Figure 4B ), some high-mobility regions can be predicted correctly. However, some peaks were predicted incorrectly for tachylectin-2 ( Figure 4C ). Next, the MAE and CC of two proposed predictors were estimated by performing fivefold cross-validation tests. The proposed methods, which implemented psipred and sable, yielded the lowest scores in the averages of MAEs and the highest scores in the average of CCs among all prediction methods for both motions (Table 1 ). Furthermore, in three kinds of AUC that changed the threshold value, the proposed methods exhibited the best performance among them except for the threshold value of -1 for external motion (Table 1 and Figure 5 ). Although the naïve model assigns the same high scores equally to residues located in all loop regions, the proposed method assigns different scores to residues with dynamics.
Therefore, the proposed method exhibited higher performance than the naïve model. Both PROFbval and POODLE-S showed higher prediction accuracy for external motion than for internal motion. In addition, the respective differences of the prediction accuracy between the proposed method for predicting external motion, and PROFbval and POODLE-S are smaller than the difference between the proposed method for predicting internal motion, and PROFbval and POODLE-S. Those results indicate that the character of the B-factor and disordered regions resembles that of external motion, as discussed above. It is noteworthy that the distribution of CC varied widely ( Figure 6 ), ranging for internal and external motion from -0.185 to 0.865 and from -0.478 to 0.905, respectively. Although both MAE and CC increased roughly in relation to the margin size (Additional file 2: Figure S2 ), similar conclusions can be obtained for any margin.
Relation between prediction accuracy and structure classification
In this study, we developed a novel method for predicting internal and external motion in ordered structures solely using amino acid sequence information. Although the respective performances of the proposed methods The scores of the two motions are presented on the vertical axis. On the right side, the predicted scores for internal and external motions are mapped, respectively, with a gradient from negative (blue) to positive (red) onto their structures of the left and the right sides. Green signifies a ligand. A correlation coefficient between predicted scores and normalized NMA scores is shown as CC. These results were obtained using the method that implemented psipred and sable. Herein, avg. and SD respectively signify the average and standard deviation. The highest scores in each criterion are underlined. Here, -1, 0, and 1 are threshold values used to discriminate rigid and flexible classes for plotting the ROC curve. PROFbval, POODLE-S, and FlexPred were performed using the default parameters. Here, POODLE-S and FlexPred respectively produced disorder probability and probability of flexible label. Therefore, MAE and CC were not calculated. The AUC for POODLE-S and FlexPred were calculated using data of normalized disorder probabilities and probabilities of flexible labels. were higher than those of naïve model and three kinds of published predictors, some room exists for improving their prediction accuracies because each standard deviation of their CC is high (Table 1) . To elucidate the cause, we investigated the prediction accuracy according to four structural groups defined by SCOP hierarchy: all-a protein, all-b protein, a/b protein, and a + b protein ( Figure 7 ). For internal motion, the all-a protein group exhibited the highest score in the average of CCs among the four groups, whereas the all-b protein group was the lowest. Similarly, the average of MAEs for all-b
protein exhibited the highest value, which indicates poor predictive ability for its group. The prediction accuracy differed significantly among the combination of all groups and all b protein group, according to results of a Steel-Dwass test (p < 0.01). From the viewpoint of secondary structure, a similar tendency was observed: the average of MAEs for b-sheet is higher than that for a-helix (Additional file 3: Table S1 ). Therefore, the prediction result for internal motion in the proposed method was not good for tachylectin-2, which has an all-b structure ( Figure 4C ). On the other hand, no Table 1 . The plot shows MAE, and the histogram shows the average of CCs. These results were obtained using the method that implemented psipred and sable. significant difference was found in the prediction accuracy for external motion among the four groups. Cases for which the proposed method incorrectly predicted high scores in b-sheet were often observed when predicting internal motion for all-b proteins. We use sliding windows with lengths of 11 and 17 residues, respectively, for predicting internal and external motion. Therefore, information about relations with two amino acids in remote positions of the sequence was ignored in this study. Consequently, it is readily conceivable that an amino acid positioned in b-sheet does not include sufficient information to represent its state in a threedimensional structure in comparison with that positioned in a-helix because two remote amino acids of a sequence often interact in the b-sheet. Internal motion is deformation of the segment. Therefore, it is considered that the motion is influenced by the environment in its structure. The information of remote amino acids of a sequence is therefore necessary along with information of an adjacent amino acid of a sequence for predicting internal motion. In contrast, information of an adjacent amino acid of a sequence is thought to be more important for predicting external motion because external motion involves translational and rotational motion as a rigid body by the flanking deformed residue. Therefore, the prediction accuracy of internal motion for all-b proteins is thought to be low, although no difference is found in the prediction accuracy of external motion.
Features related with protein motion
The features associated with prediction of internal and external motion in the proposed method can be evaluated according to their influence on prediction accuracy for a decreasing number of variables involved in prediction models. The RF can estimate the importance of variables more simply than commonly used machine learning methods such as SVM [34] . We investigated the relation between the prediction accuracy and the model with fewer variables using the Gini index as an indicator (Additional file 4: Figure S3 ). Then we chose and analyzed the model with the minimum number of variables among models showing almost equal prediction accuracy to that of the model with all variables, called the original model ( Figure 8 ). From comparison with the original model, most variables relating to structural information, namely, secondary structure and ASA, remained in all models. The ratio that they occupied in their model was higher than that in the original model. When we observed features that ranked in the top 20 based on the Gini index, ASA occupied over half of features in five of six models (Additional file 5: Figure S4 ). On the other hand, the ratios of variables relating to amino acid properties, namely physicochemical property (physicochem.) and protein mobility propensity (mobility), were low and different, as judged using the downsized model. These results show that the structure information indicating where an amino acid is located in its structure Although all variables were computed from the original model, the center of the secondary structure (CS), periphery of the secondary structure (PS), and remote area from the secondary structure (RS) were computed from downsized models. The CS, PS, and RS respectively signify categories which classify an amino acid according to the secondary structure (see the Methods section). Furthermore, S, A, P, and M respectively signify the names of feature groups described in the Methods section, and corresponding to secondary structure, ASA, physicochem., and mobility. The value of the Gini index was set to 1.7 in (A) and 0.7 in (B). The external_long prediction model showed similar tendencies to those of the external_short prediction model (data not shown). These results were obtained using the method that implemented psipred and sable.
influences CS for both motions especially. However, structural information alone is insufficient to discriminate protein motion; PS for both motions and RS for external motion require information related to amino acid properties.
These observations showed that two kinds of information-that related to secondary structure and ASA-are highly associated with two protein motions. Therefore, when a more sophisticated secondary structure and ASA predictor, such as a profile-based predictor (psipred and sable), were used in the proposed method, the prediction accuracies of these versions were slightly higher than those of versions using a amino-acid propensity based predictor (PHD and RVPnet) ( Table 1 ).
Application to protein-protein interaction
Although we aim to predict internal and external motion in ordered structures in this study, as one attempt to investigate the potential for the proposed method to detect protein motion associated with protein function, we compared the predicted high protein motion region with the observed large conformation change region upon protein-protein interaction. These protein motions are regarded as associated with their protein function because they are observed along with protein-protein interaction. For the experiment, we prepared a set of 20 proteins that undergo large conformation change upon association (> 2Å C a RMSD) created by Dobbins et al., with which they demonstrated the relation between normal mode fluctuations and conformational change [41] (Table 2) . We compared the internal motion with observed conformational change region because it was defined as a deformation of a segment itself in this study. To begin with, we present three kinds of typical analysis results. Specifically, the observed conformation change regions are located in a binding site, hinge region, and other regions. Secondly, we discuss the overall results. Proteins that undergo large conformational change upon protein-protein interaction are listed in the first column. The following information is given: PDB ID code of the free-state, partner protein name, PDB ID code of the complex-state with a partner protein, RMSD (in Å) between free-state and complex-state, observed conformational change region upon protein-protein interaction, and average RMSD (in Å) of the observed conformational change region. When a protein forms heterodimers, the observed conformational change regions were investigated in each chain.
(I) Ecotin
Ecotin, a homodimeric protein, is an inhibitor of a group of homologous serine proteases such as trypsin, chymotrypsin, and elastase. One dimeric inhibitor binds to a protease molecule. From comparison of two structures under different crystalline environments, an inherent flexible loop was identified in the binding site with trypsin. It was necessary for its inhibitory function [42] . The proposed method predicted high internal motion on the corresponding loop ( Figure 9A ). FlexPred predicted a specific conformational switch region on it (Additional file 6: Figure S5A ).
(II) Fab fragment
Fragment antigen binding (Fab fragment) is a region on an antibody that binds to antigens. It is a heterodimer of the heavy and light chains in each of the two composed domains. When Fab binds to hemagglutinin derived from a Flu virus, it was observed that the hinge region between two domains changed their conformation. That hinge movement agreed with DynDom definition, which determines the dynamic domain and hinge axes from two protein structures [25] . The proposed method predicted high internal motion at the hinge region in each chain ( Figure 9B ). PROFbval predicted high B-factor on the terminal of hinge region in L chain (Additional file 6: Figure S5B ).
(III) Erythropoietin
Erythropoietin (EPO) is a hormone produced primarily in the kidneys. It has four-helical bundle topology with two long loops; it is bound to the extracellular domain of the EPO receptor. The CD loop located in the region remote from the binding site changed its conformation [43] . Additionally, 15 N NMR relaxation data revealed a region (Leu112-Thr132) that has intrinsic flexibility [43] . The proposed method predicted high internal motion on the corresponding loop ( Figure 9C ). POODLE-S predicted its loop to be disordered region (Additional file 6: Figure S5C ).
Overall results From results obtained by application of the proposed method to a set of 20 proteins, three or more consecutive residues with predicted score higher than one were extracted. Then, they were regarded as candidates for the conformational change regions. A comparison between the observed conformational change region with predicted high internal motion region revealed at least one overlap between them in 85% of the proteins studied ( Table 3 , Additional file 7: Table S2 and Additional file 8: Figure S6 ). If the analysis object was limited to the 16 proteins that undergo conformational change for only one partner, then overlap was observed in 15 proteins (94% of the proteins studied), excepting hirustatin. The internal motion was not predicted for hirustatin because it is a small protein (55 residues). For FlexPred, which predicts conformational switches in proteins, overlaps were observed in only six proteins. Although the definition of the internal motion in this study and conformational switches in FlexPred are similar, the proposed method can detect more observed conformational change regions upon proteinprotein interaction than FlexPred can. The proposed method covers all positive results of FlexPred. Both PROFbval and POODLE-S respectively predicted high scores on conformational change regions of 10 and 9 proteins. These observations suggest that the proposed method is sensitive for detection of protein motions related to protein-protein interaction, especially proteins that change conformation for a specific target.
Conclusions
We presented a novel method for predicting internal and external motions in ordered structures based on the RF algorithm using amino acid information alone. The proposed method uses two pieces of information for prediction: the adjacent paired amino acid residues and predicted secondary structure information. The method presents the advantage of prediction using only amino acid sequence information as an input. Consequently, the method is applicable to all sequences. The proposed method exhibited the possibility of detecting protein motion related with protein-protein interaction.
Methods

Calculation of internal and external motions
For this study, NMA was performed using FEDER/2 [23, 44] . The NMA was conducted for the energy-minimized conformation using Protein Data Bank (PDB) data as a starting conformation. In an NMA, a meansquare displacement of atom a, 〈 〉 D a 2 in the thermal fluctuations is given as the sum of contributions from individual modes
where D ak is a displacement vector of the atom a in the k-th normal mode and N is the number of dihedral angles used as independent variables.
We consider two conformations for a segment (we considered a segment of nine residues in this study) in each normal mode. One is the minimum-energy 
'○' means that the predictor detects at least one overlap between the observed conformational change region and predicted high motion region. Conversely, '×' means that there is no overlap. PROFbval, POODLE-S, and FlexPred were performed with the default parameters; then candidate conformational change regions were determined as follows. 1 Three or more consecutive residues predicted to be flexible. 2 Disordered region longer than three residues.
conformation, around which the molecule is fluctuating. The position vector of atom a in this minimum-energy conformation is r a 0 . The other is an instantaneous fluctuating conformation, in which only the k-th normal mode is excited to the root-mean-square thermal amplitude. The position vector of the atom a in this distorted conformation is r a 0 + D ak . We bring this distorted conformation to the best-fitted position with the minimumenergy conformation purely by translational and rotational motions. The displacement vector of the atom a by this purely translational and rotational motion is designated as D ak e ; the residual one is designated as D ak i [5] . Then, D ak is decomposed as The third term on the right-hand side of this equation was usually found to be much smaller than 1% of the first two terms in our results. Therefore, the meansquare deviation of the atom a is decomposed approximately into external (first term) and internal (second term) ones. The magnitudes of external and internal motions of a segment, 〈 〉 | | / D a e 2 1 2 and 〈 〉 | | / D a i 2 1 2 , are defined respectively as averages of 〈 〉 | | D a e 2 over constituent atoms in the segment. As described herein, we are interested in the main-chain fluctuation. For simplicity, we consider only Ca atoms in this decomposition (meaning that we selected data for the Ca atoms from results obtained using NMA with a full-atom model).
Dataset
The dataset was created by selecting protein chains from ProMode [23] as described below. First, proteins with fewer than 100 residues were removed. Then proteins whose root mean square deviation (RMSD) between the energy-minimum structure and PDB structure is more than 2Å were excluded. For proteins with common SCOP id, we selected only one of them [45] . Furthermore, multi-domain proteins defined by SCOP were excluded. Next, some proteins were discarded so that maximum pairwise sequence identity was limited to 25%. The resulting dataset comprised 481 chains (87,236 residues).
We calculated internal and external motions using NMA with a full-atom model for all proteins in the dataset. Decomposed atomic fluctuations to internal and external motions calculated by NMA values, ′ y i , were normalized respectively to correct for the variation among the proteins in the dataset as
where M denotes the protein length, and y and s respectively signify the sample mean and sample standard deviation calculated for each chain. Furthermore, yi is designated as the normalized NMA score of internal or external motions of the i-th residue.
Variables used for encoding sequences
In this study, we created a prediction method that uses paired amino acid information ( Figure 10 ). A protein sequence was encoded using a sliding window whose size is optimized for exhibiting the highest prediction performance (Figure 3 ; see the Results and Discussion section for details). Internal motion uses an 11-residue window. Therefore, the 920 variables (= 92 paired features × adjacent amino acids, see below for details) are defined for amino acid pairs of the central amino acid with the other 10 amino acids in the window. In contrast, the number of variables is 1,472 for external motion because the window size is 17 residues. The value of variable was given as a sum of the value of feature (defined below) of the central amino acid and paired amino acid. The value of feature was set to either 1 or 0; the value of variable can take a value of 0, 1, or 2. The five and seven residues at both termini were, respectively, excluded for internal and external motion because the value of variable is assigned to the central residue of the window.
Features used for building variables
We defined 18 features, which were divided into four groups designated as physicochem., mobility, ss, and ASA. A value of feature of an amino acid was set to one if the amino acid satisfied a feature's definition, and to zero otherwise.
The first group was derived from physicochemical features (physicochem.) of amino acids defined according to Zvelibel et al. [46] . This group included seven features: hydrophobic, polar, aromatic, aliphatic, small, positive, and negative. For example, FYWH has an aromatic ring. Therefore, the value of the "aromatic" feature of Y is one ( Figure 10B ). For the variables, 7 × 7 = 49 pairs of these seven features are considered. The second group was derived from protein mobility propensity (mobility). This group included six features: high_mob_high, high_mob_low, nor_mob_high, nor_mob_low, low_mob_high, and low_mob_low. In determining these features, every amino acid in the dataset was classified into either the high, normal, or low mobility group defined according to normalized NMA scores which were, respectively, higher than 1, between -1 and 1, and lower than -1. Then the protein mobility propensity (Prop(n,g)) was defined as Prop n g freq n g freq n g g , log , / , ,
where freq(n,g) respectively represent the relative frequencies of amino acid n in protein mobility group g (= high_mob, normal_mob, and low_mob), g_high = 1 or g_low = 1; otherwise, they are set to zero. For example, because Prop(Y, normal) is higher than one standard deviation from the average of the normal group, the value of the "nor_mob_high" feature for amino acid Y is one ( Figure 10B ). The meaning is that the protein mobility propensity in the normal group for Y is high. For the variables, 6 × 6 = 36 pairs of these six features are considered.
The third group was associated with the secondary structure (ss), as predicted by PHD or psipred. This group includes three features: helix, sheet, and other. If an amino acid was predicted to be in a helix region, then the value of the "helix" feature of this amino acid was one; the two other features, sheet and other, were zero ( Figure 10B ). For the variables, it is possible to consider 3 × 3 = 9 pairs of the three features, but we considered only three combinations in this study: helixhelix, sheet-sheet, and other-other.
The fourth group was associated with the accessible surface area (ASA) predicted using RVPnet or sable. This group includes two features: "exposed" and "buried". If an amino acid's predicted ASA value was less than 11, then the value of a "buried" feature was one; it was zero otherwise when using RVPnet. Similarly, if the predicted ASA value was higher than 27, then the value of the "exposed" feature was one ( Figure 10B ). Two parameters are set so that RVPnet exhibited its highest performance. When using sable, two parameters were set to one and three. For the variables, 2 × 2 = 4 pairs of the two features are considered. In summation, we consider 92 pairs of features (49, 36, 3, and 4 for four groups as described above) for each of 10 adjacent amino acid for internal motion, which results in 92 × 10 = 920 variables ( Figure 10A ).
Learning method
Distributions of the normalized NMA score (y i ) are dependent on the secondary structure type. Therefore, in this study, three kinds of models were created: one for each motion based on the idea that the degrees and tendency of mobility in proteins depend on the secondary structure. We therefore defined three categories of window locations according to the location of the central residue: center of a secondary structure (CS), remote area from secondary structures (RS), and periphery of secondary structures (PS) ( Figure 11A ). Hereinafter, CS means that the central residue was located in a secondary structure and three or more residues distant from either secondary structure terminus. In addition, RS signifies that the central residue was located in the other region, except for secondary structures, and three or more residues separate from both termini of the other region. Also, PS means the central amino acid was not located in either CS or RS. Furthermore, each category was divided into three classes based on the degree of the normalized NMA score: flexible, intermediate, and rigid classes ( Figure 11B) . A window was assigned to the intermediate class if the normalized NMA score of the central amino acid in the window was within one standard deviation from the mean. Similarly, a window was assigned to the flexible and rigid classes if the normalized NMA scores were, respectively, higher and lower than the intermediate classes.
For this study, a secondary structure was assigned to an amino acid using prediction results from either the secondary structure predictor, PHD or psipred. The amino acids predicted to form a-helix or b-sheet are considered to be located in a secondary structure. Briefly, we divided the amino acids into three categories of window locations, CS, RS, and PS. In each category, they were divided further into three classes, flexible, intermediate, and rigid.
Prediction method
The RF algorithm was used to build a prediction model for classifying amino acids into the three classes of flexible, intermediate, and rigid. In this study, we implemented RF using the R package (randomForest 4.5-22) [47] . For internal and external motions, three RF prediction models were trained respectively for the three categories of window locations, CS, RS, and PS. Three parameters (mtry, ntree, and nodesize) in RF used default values because RF is robust against changes in its parameters. In fact, the prediction accuracies of the case in which the default values were used for the three parameters were almost identical to those of the case in which optimal values were used (Additional file 9: Figure S7 ). The results of the RF prediction model classified windows into the three classes; their prediction results were attributed to the central residue in the window. Then, the results of classification obtained from RF were converted to a score based on the average and standard deviation of the normalized NMA score in each category (Additional file 10: Table S3 ). For example, if a window assigned to the flexible class and the Z score of the normalized NMA score is three, then the score of the flexible class in CS of internal motion is 2.509 (= -0.248 + 0.919 × 3), and its value is given to the amino acid assigned to the flexible class in CS. The score reflects the degrees of protein motion. The score was smoothed using a five-residue moving average. Two models were used for the external motion because the length distribution of the high mobility region with NMA normalized score > 1 indicated a peak near the nine-residuelong segments (see the Results and Discussion section: 
Assessment
The prediction results were assessed on a residue basis: the predicted score in the sequence was compared to the normalized NMA score. The predicted scores were allowed to have a margin. In this study, we set the margin value of ± 0.2 because the minimum difference of the average of normalized NMA score between adjacent classes was 0.225 (Additional file 10: Table S3 ).
In this work, the error function used the mean absolute error (MAE), which was defined as the absolute difference between two values. Actually, MAE was calculated as
where x i and y i respectively represented the score obtained from the proposed method of i-th residue and the normalized NMA score; M denotes the protein length. The MAE value approaches 0 as the prediction improves.
Furthermore, to assess the method's performance, we calculated the correlation coefficient (CC) between two datasets as In fact, CC ranges from -1 to 1; a large positive value represents a positive correlation. In this study, it means that the patterns of the normalized NMA score and the predicted score are very similar. We also used a Receiver Operating Characteristic (ROC) curve as another assessment criterion by classifying the prediction results into flexible and rigid classes. The amino acid was assigned to the flexible class when the normalized NMA score was higher than the threshold value. The ROC curve was obtained by plotting the false positive rate (R FT ) against the true positive rate (R TP ). The R TP is defined as the percentage of windows of the flexible class correctly predicted as flexible class over all positives (sum of true positives and false positives). Similarly, the R FP is defined as the percentage of windows of the rigid class incorrectly predicted as flexible class over all negatives (sum of true negatives and false negatives). The R FP against R TP was shown, while the score increased from -2 to 4 with a 0.01 increment. The amino acid is considered to be predicted as a flexible class if a predicted score is higher than the score. The larger the area under the ROC curve (AUC), the more robust an algorithm is. An area of 1.00 is considered a perfect predictor.
